Introduction
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global systemic risk, since country-specific shocks can be rapidly transmitted to other economies.
The degree of interdependence between the economy of a given country and the rest of the world may also experience significant changes over time due to uncountable number of reasons, such as economic unions, trade agreements, financial liberalization, just to mention a few. Therefore, understanding the patterns and mechanisms governing world economic interdependence is crucial for policy makers and investors to evaluate the degree of exposure that a given country has to external shocks.
Several studies have focused on assessing changes in the degree of global business cycle synchronization. Kose et al. (2012) and Kose et al. (2003) focus on assessing the variability of country GDP growth explained by common components, they use linear dynamic factor models (DFM) to assess changes in synchronization by splitting the data into sub-samples. Del Negro and Otrok (2008) proceed in a similar way, but rely on time-varying parameters DFM to assess endogenous changes. Since one of the defining characteristics of the business cycle is its asymmetric nature, Burns and Mitchell (1946) , the degree and speed of the business cycle shocks transmission may also depend on the economic phase that a given country faces (recession or expansion). To account for such nonlinear dynamics, other studies have focused on assessing the bilateral synchronization between cycles, defined as the alternation of expansionary and recessionary phases, see Harding and Pagan (1999) and Camacho et al. (2008) . Information about bilateral synchronization is useful to identify groups of countries following similar business cycle patterns and to explain those patterns. Although the frameworks used in these studies provide an overall assessment of the interdependence between the economic cycles of a set of countries, such assessment is constant over time. Therefore, to identify potential changes in the interdependence of cycles the sample has to be splitted on a given date, which is usually controversial.
Another important issue is assessing the main determinants of business cycle interdependence. To address this issue most of the studies in the literature have used the correlation of GDP growth (or de-trended GDP) between pairs of countries as a measure of business cycle synchronization and relied on cross-section analysis to assess its main determinants. Previous studies find a positive relationship between business cycle synchronization and trade (Imbs, 2004) , financial integration (Frankel and Rose, 1998) , currency unions (Rose and Engel, 2002) , sectoral composition, public sector size (Camacho et al., 2008) , institutional environment and cultural factors (Altug and Canova, 2012) . Also the determinants may vary across sets of countries. Imbs (2006) and Clark and Van Wincoop (2001) find high synchronization between financially open developing countries and the G7. Canova and Ciccarelli (2012) and Canova and Schlaepfer (2013) analyze business cycle interdependence among Mediterranean countries and find that traditional transmission channels, such as trade and financial integration, are not very important determinants of business cycle interdependence in this region.
Although these studies contribute to a better understanding of the factors influencing business cycle interdependence, they have two important limitations. First, none of these studies account for model uncertainty, which is motivated by the lack of consensus in the theoretical and empirical business cycle literature regarding the main factors driving business cycle co-movement. Instead, these studies only rely on small pre-determined sets of potential determinants and assess their corresponding statistical significance, potentially incurring in a problem of omitted variables, which may yield bias estimates. As suggested in Sala-i-Martin et al. (2004) , a natural way to think about model uncertainty is to admit that we do not know which model is "true" and, instead, attach probabilities to different models. Second, these studies use time-invariant measures of synchronization and therefore, are not able to identify the sources of potential changes in global business cycle interdependence. Moreover, if synchronization patterns and their potential determinants experience significant variation over time, a cross-sectional regression analysis may yield misleading insights about the underlying factors driving business cycle interdependence.
This paper analyzes the dynamics of global business cycle interdependence from different perspectives and assesses their main explanatory factors, accounting for the aforementioned issues. To study global synchronization from a disaggregated perspective, we rely on bilateral synchronizations and consider the time-varying index of business cycle interdependence recently proposed by Leiva-Leon (2016) . This index endogenously identifies changes in the synchronization of economic cycles accounting for the non-linearity inherent to the alternation between expansions and recessions. To measure global synchronization from a unified perspective, we propose a nonlinear dynamic factor model that allows us to endogenously identify changes in the degree of comovement between a given country and the world business cycle, taking into account its expansionary and recessionary dynamics. This is achieved by allowing the factor to follow a global regime switching process and the loadings to be time-varying.
Our study proceeds in two steps. First, the dynamic interdependence between the main world economies is rigorously analyzed from intra-group, inter-group and global perspectives. Moreover, the proposed framework allows us to assess changes in the propagation pattern of business cycle shocks relying on network analysis. Second, after describing the time-varying patterns of global business cycle interdependence, we proceed to explain them with the traditional determinants in the literature. However, to account for model uncertain, we use a Bayesian model averaging (BMA) panel data approach. To the best of our knowledge, this is the first study that addresses model uncertainty in identifying the main drivers of business cycle interdependence over time.
Our main results can be summarized as follows. First, we document a significant and gradual increase in world business cycle synchronization. Specifically, global interdependence increased during the recent globalization period, since the early 2000s. 1 Second, in addressing which countries have contributed the most to such increase, we perform a cluster analysis and find that countries can be grouped into four clusters, relatively stable over time: a Euro area cluster, an Anglo-Saxon cluster, an Asian Tigers cluster, and an emerging markets cluster. We find that the significant increase in global business cycle interdependence is mainly attributed to the emerging economies. Third, a network analysis of the transmission of business cycle shocks discloses that when countries become more synchronized with the rest of the world, they are more prone to recessionary phases than to expansionary phases. Fourth, the most robust determinants of business cycle co-movement are financial openness, bilateral trade, government expenditure, liquid liabilities and human capital. Fifth, the increase in global interdependence is mainly explained by decreasing differences in sectoral composition among countries.
In what follows, in Section 2 we study the changes of business cycle interdependence from inter-group, intra-group and global perspectives. In Section 3, we focus on assessing the factors driving the changes in global business cycle interdependence. Finally, Section 4 concludes the paper.
Changes in business cycle interdependence
This section provides a comprehensive analysis of the timevarying interdependence among the business cycles of the major world economies listed in Table 1 . 2 Unlike previous related studies, we rely on measures of synchronization that allow for non-linear dynamics inherent in expansionary and recessionary phases. First, we construct global synchronization measures to assess potential changes in the overall interdependence among countries over time. Second, we classify countries based on their cyclical fluctuations and assess the main sources of changes in global interdependence. Third, we use methods for social network analysis to evaluate the relative influence of each country on the dynamics of world business cycles.
Measuring global synchronization
We rely on an extension of the approach proposed in Leiva-Leon (2015) to evaluate changes in the synchronization of business cycle phases. This methodology allows us to measure the synchronization in economic cycles between pairs of countries over time, taking into account the asymmetric nature of business cycles, i.e., nonlinear dynamics, and potential breaks in volatility, as documented in Doyle and Faust (2005) . 3 The methodology consists in assessing the time-varying dependency relationship between the latent variables governing bivariate Markov-switching specifications. 
The expected growth of country i during a recessionary phase, i.e., when s i,t = 0, is given by E(y i,t |s i,t = 0) = l i,0 , while its growth in expansionary phase, i.e., when 
In order to account for a potential structural break in volatility, we follow Barnett et al. (2016) and truncate one of the transition probabilities to model an absorbing state. Accordingly, the covariance matrix of the innovations during a low volatility regime is given by E(e t e t |d t = 0) = Y 0 , while during a high volatility regime, the covariance matrix is defined as E (ete t |d t = 1) = Y 1 . 4 The primary aim of the framework is to obtain the synchronization between the state variables s a,t and s b,t in order to assess whether countries a and b share the same business cycle phase at time t:
Although the relationship between s a,t and s b,t is unknown, we can model the two extreme cases, as in Harding and Pagan (1999) , and express the joint probability of the state variables as follows: i) If s a,t and s b,t are fully independent, then
ii) If s a,t and s b,t are totally dependent, then s a,t = s b,t = r ab,t ; hence, Leiva-Leon (2015) 
where v ab,t follows a Markov process with transition probabilities: 
where the weights are endogenously determined by ab t provides a measure of the degree of synchronicity in the business cycle phases between countries a and b for every period of time. The parameters are estimated using Bayesian methods, Gibbs sampling, see Kim and Nelson (1999) . The filtering algorithm that is used to obtain the inferences relies on an extension of the Hamilton's (1994) filter. For a detailed description of the filtering algorithm, see Appendix A.
To illustrate how the model's output should be interpreted, we present two cases. First, we analyze the case of Canada and Mexico, shown in Fig. 1 , which has significantly increased during the recent globalization era, i.e., from 1995 onward. Before 1995, both economies experienced expansions and recessions at different points of time. However, after 1995, the probability of recession was low in both countries, and it simultaneously increased during the Great Recession of 2008-2009, as can be observed in the top right chart of the figure. This increase in may be highly influenced by the North American Free Trade Agreement, which came into force on January 1994. The model also provides inference about a change in the covariance matrix of the innovations driving real GDP growth of both countries, indicating that since the mid 2000s shocks hitting Canada and Mexico have experienced less volatile dynamics.
We also analyze the case of Australia and New Zealand, shown in Fig. 2 . These economies experienced low levels of synchronization during the 1980s, but from the 1990s onward, their business cycle phases tend to experience similar dynamics. This is reflected in the increased synchronization plotted in the bottom right chart of Fig. 2 . Such increase in synchronization may be associated with the total elimination of tariffs or quantitative restrictions in the Closer Economic Relations Trade Agreement between Australia and New Zealand, signed in July 1990. Based on the estimated probability of low volatility regime, the results also indicate that business cycle fluctuations in both countries have "moderated" since the mid 1990s.
Unlike the previous examples, there are also some pairs of countries that have experienced a relatively constant synchronization over time, e.g. United States and Canada, and the pairs of countries formed by the members of the Euro area in the G-7 (Germany, France and Italy). Also, we find an overall drop in the probability of high volatility regime during the last decades across countries, implying that growth seems to have stabilized. These results are consistent with the findings in Doyle and Faust (2005) . 5 The pairwise analysis is relevant if policy makers are focused on a specific pair of countries. However, since our interest is placed on "the big picture" of global synchronization's evolution, we 5 The results for all the possible pairs of countries listed in Table 1 for a = b. As these synchronization measures are estimated variables from Markov processes, we rely on simple non-parametric approaches to combine them without making any distributional assumptions. The simplest way to create a single index to measure global business cycle interdependence is by averaging the level of synchronization for all the 903 pairwise models:
for l = 1, . . . , L, where l denotes the l-th pairwise model, n is the number of countries, L = n(n − 1)/2, and f a t represents the average synchronization. For robustness, we also consider another measure, which consists on extracting the common variation from the synchronization measures by using principal component analysis:
for l = 1, . . . , L, where k l are the factor loadings, u l,t has a zero mean and an unknown diagonal covariance matrix and f c t is the first principal component, which accounts for most of the variation in the data and therefore represents common synchronization. 6 The two indexes of global synchronization, plotted in Fig. 3 , show similar patterns. Until the late 1990s, global business cycle synchronization was relatively low and stable; however, in the early 2000s, it started to continuously increase, reaching its maximum level at the end of 2008, i.e., in the middle of the last global recession, as dated by the IMF. These findings imply that world economic activity has become more synchronized during the last two decades, suggesting a change in the propagation of business cycle shocks among countries. It is important to notice that after the Great Recession, many European countries continued to experience recessionary phases, due to the European debt crisis, while most of the emerging markets 6 Given that principal component requires the data to be standardized prior to use, we rescale the extracted factor by using
, where f MIN is the factor with the minimum variance and f MAX is the factor with the largest variance, the first factor. This transformation makes the index belong to the unit interval to facilitate interpretation. This has no effect on any of the subsequent results obtained from the use of index. engaged in expansionary phases. This heterogeneity is reflected in the decrease in global synchronization after the great crisis.
Source of the increase in global interdependence
The purpose of this section is to assess the main source of the increase in global synchronization from the country perspective. Specifically, we are interested in identifying the set of countries that have contributed the most to the significant gradual increment in global interdependence. For this purpose, first, we analyze whether there are groups of countries experiencing similar business cycle patterns. Second, we analyze the evolution of the interdependence between groups of countries and infer the main drivers of the increase in global interdependence. Third, we assess changes in the comovement between each country and the world economic activity. This analysis allows us to identify the set of country that have engaged in a higher synchronization with the rest of the world.
Intra-group interdependence
We use an agglomerative hierarchical cluster tree (Ward's linkage method) to identify groups of countries with similar dynamics in The cluster analysis is summarized in dendrograms. Using the transition probabilities in Eq. (7), we compute the ergodic measure, d a,b , which can be interpreted as the "average" synchronization between countries a and b for the entire sample period . Then, we obtain the ergodic distance,c ab , and the correlation dissimilarity matrix of business cycle distances, D = 1 − |corr(c)|, to create a dendrogram that represents the average clustering configuration of countries, shown in the top chart of Fig. 4 . 7 The height of each tree determines the different clusters, i.e., the height of the inverted U represents the level of dissimilarity between two countries or clusters. It is possible that some of the observed clusters are caused by outliers or sampling error. We assess uncertainty in the group assignments using a multiscale bootstrap resampling to compute the approximately unbiased (AU) p-values. 8 For clusters with AU p-value greater than 95, we can reject the null hypothesis that "the cluster does not exist" at the 5% significance level.
We find that there are at least four groups of countries with similar patterns of business cycle synchronization. First, there is a cluster comprising France, Italy, Switzerland, Belgium, Netherlands, Austria, Germany, Ireland, Greece, Luxembourg, Portugal, and Spain. Since all these countries, except Switzerland, share the same currency, we define this group as the "Euro area cluster". The second group comprises Norway, Denmark, the U.S., Australia, Iraq, Iceland, Canada, Finland, New Zealand, Sweden, and the U.K. This cluster consists of mostly advanced Anglo-Saxon countries and some European countries; hence, we define this group as the "Anglo-Saxon 8 See Efron et al. (1996) and Shimodaira (2002) for a detailed explanation of the multiscale bootstrap resampling. We use 1,000,000 bootstraps to reduce sampling error in the AU p-values. cluster". The third group comprises Taiwan, Turkey, Hong Kong, Singapore, Japan, Indonesia, South Korea, and Thailand. Given that most of these Asiatic nations have recently enjoyed a dramatic economic upswing, we call this group the "Asian Tigers cluster". The last cluster includes Bulgaria, Romania, Philippines, South Africa, Malaysia, Mexico, Brazil, Chile, Argentina, China, and Venezuela. These countries are considered by the IMF to be emerging economies, so we call this group the "emerging markets cluster". This clustering analysis provides a reasonable description of how countries share similar expansions and recessions and shows that geographic and cultural factors are important factors driving economic interdependence among countries within the Euro area, Asian Tigers, and Anglo-Saxon clusters. The existence of an emerging markets cluster also suggests that countries' level of economic development is an important factor explaining business cycle co-movement. These four clusters of countries are statistically significant at the 10% level. However, some sub-clusters such as Denmark-United States, Argentina-China-Venezuela, New Zealand-Sweden-United Kingdom and the Asian sub-clusters (with the exception of the Indonesia-South Korea-Thailand sub-cluster) are not statistically significant, even at the 10% level. 9
Inter-group interdependence
Once groups experiencing similar cyclical fluctuations have been identified, our next goal is to analyze how the interdependence among these groups has evolved over time in order to examine where the increase in global business cycle interdependence is coming from.
For this purpose, we rely on multidimensional scaling maps. These techniques consist on projecting the business cycle distances among the N countries in a map in such a way that the Euclidean distances among the countries plotted in the plane approximate the business cycle dissimilarities. In the resulting map, countries that exhibit large business cycle dissimilarities have representations in the plane that are far away from each other. Moreover, we use the time-varying business cycle distances, c a,b t , to create a sequence of maps, one for each t, that can help us to analyze the dynamic evolution of the interdependence of countries and groups of countries and to disentangle the main source of the increase in global synchronization. A detailed description of dynamic multidimensional scaling (DMS) analysis is provided in Appendix C. During early 1980s global recession (top left chart of Fig. 5) , the Euro area cluster shows the highest within-group interdependence, followed by the Asian Tigers cluster and Anglo-Saxon cluster that experience a lower degree of within-group interdependence. For the early 1990s global recession (top right chart), the Euro area and Asian Tigers clusters maintain their degree of interdependence, but countries in the Anglo-Saxon cluster start to become more connected. However, most of the emerging markets remain isolated, as is the case of Mexico, Malaysia, and Turkey, among others. In the early 2000s global recession (bottom left chart), the picture changes considerably, showing a more connected map. The Euro area, Asian Tigers and Anglo-Saxon clusters continue to be highly related, but most of the countries in the emerging markets cluster, which is the largest cluster, become more interdependent with the rest of the world. Notice that this period corresponds to the significant and gradual increase in global synchronization, as discussed in Section 2.1. Thus, this increase in global business cycle interdependence can be mainly attributed to emerging economies. During the Great Recession (bottom right chart), the map experiences the highest connectivity, which is consistent with the propagation of contractionary shocks through most of the economies during that period. For the sake of brevity, we do not present the charts for all the world business cycle maps for every quarter from 1981 to 2013. 10
Interdependence with global factor
By relying on bilateral synchronization measures, the previous sections show that the business cycles of emerging economies have become more synchronized with the economic cycles of the other 10 However, the complete sequence is available at the authors' website. We use all the charts of the different maps periods to create a video that shows the evolution of the world business cycle interdependence from 1981 to 2013. The video can be found at: https://sites.google.com/site/daniloleivaleon/global-business-cycles. countries in the world, contributing significantly to the increase in global interdependence starting in the early 2000s. Although the previous analysis in this paper is based on the results from independent pairwise models, we attempt to mitigate this caveat by adopting a more integrated perspective. Specifically, we follow the line of Kose et al. (2012) and rely on dynamic factor models to identify changes in the degree of comovement between a given country and the world business cycle.
To capture changes in comovement without having to rely on specific partitions of the sample, as in Kose et al. (2012) , we follow a closer approach to Del Negro and Otrok (2008) that allows for time-varying factor loadings. In particular, we propose a framework that allows us to assess changes in comovement, but also accounting for the nonlinear nature of the world business cycle. The proposed model can be described as follows:
where y j,t is the real GDP growth of country j, f t is a common factor that depends on the state of the world economy, measured by the latent variable s * 
The factor loadings, c j,t , measure the contemporaneous relationship between country-specific real activity developments, y j,t , and the global business cycle, f t . Therefore, to infer significant changes over time in international business cycle comovement, we follow the line of Del Negro and Otrok (2008), Koop and Korobilis (2014) , among others, and allow the factor loadings to evolve according to a random walk, as follows:
where g These periods fairly coincide with global recessions as dated by the IMF, indicating that the proposed global factor is a good indicator of the world economy business cycle. Notice, however, that the last part of the sample (2011:Q4-2013:Q2) is also associated with a high probability of recession. This could be mainly attributed to the recessionary phases that Euro area countries have experienced since 2011 as a result of the European debt crisis.
The main purpose of this section is to identify potential changes in comovement between each country and the world business cycle, therefore we now focus on analyzing the evolution over time of the factor loadings. Fig. 7 plots the loadings for countries in the AngloSaxon and Euro area clusters. The figure shows that the comovement of countries in the Anglo-Saxon cluster with the world business cycle, measured by the corresponding factor loadings, has remained relatively stable. For the case of the Euro area countries there are mix signals, while Germany and Belgium have experienced significant increases in the degree of comovement, France has remained relatively stable, and the comovement of Italy has decreased. Fig. 8 plots the loadings for countries in the Asian Tigers and emerging markets clusters. The figure shows that the loadings associated to the Asian Tiger economies have in general experienced slightly decreasing dynamics. However, the scenario is different for countries in the emerging markets cluster, since all emerging economies show a gradual but significantly increasing relationship with the global factor.
Overall, the results show that there is a considerable variation over time in the degree of comovement. Significant increments in comovement can be seen for some countries in the Anglo-Saxon cluster, such as Sweden and Finland, and for some Euro area countries, such as Austria and Ireland. Asian Tiger countries, instead seem to have become less synchronized with the global factor. However, most of the emerging markets have experienced significant increases in comovement with the world business cycle. These results corroborate that emerging economies have played a fundamental role in explaining the increase in global business cycle interdependence during the last decades.
Unlike Kose et al. (2012) , who find business cycle convergence within groups of industrial and emerging market economies but divergence between both groups, we obtain that the main source of the significant increase in global business cycle synchronization is the emerging market economies. The countries in this cluster experienced independent cyclical patterns until the late 1990s. However, since the early 2000s, they became more synchronized with each other and with the rest of clusters. The main difference between the analysis in Kose et al. (2012) and ours, besides the assumptions about the dynamics of the models, relies on the sample period considered, since Kose et al. (2012) focus on studying changes in comovement before and after the Great Moderation, while our study focuses exclusively on identifying changes in business cycle interdependence during the post-Great Moderation period. 
Transmission of business cycle shocks
World economic interlinkages can be viewed as a complex system comprising a set of elements (countries), in which any pair of elements is subject to some degree of interdependence that may change over time. We model world economic interlinkages as a network, g t , by using the synchronization measures obtained in Section 2.1, where each country represents a node and where the probability that 11 In contrast to Kose et al. (2012) that rely on a linear framework to asses synchronization, we consider a nonlinear dynamic factor model. The analysis of Kose et al. (2012) focuses on the sample period 1960-2008, since they rely on annual data. Instead, we rely on quarterly data to be able to capture expansions and recessions more precisely, at the cost of a shortening of our sample, 1982-2013. Therefore, we focus on the post-Great Moderation period and also include the Great Recession, while Kose et al. (2012) include the pre-Great Moderation period but exclude the Great Recession. t . Thus, the more synchronized the countries are, the higher the degree of connectivity in the network will be. The motivation for adopting this approach is to provide a better understanding of the propagation pattern of business cycle shocks across the major world economies.
We use methods developed for social network analysis to evaluate how a particular economy is simultaneously synchronized with the rest of the economies in the world and to quantify the relative importance of each country in the propagation of shocks to other economies. In particular, we consider the betweenness centrality, B i,t , since this measure can be interpreted as the ability of country i to act as a channel in the transmission of business cycle shocks between other countries in the network g t during period t. 12 The betweenness centrality is calculated as
12 According to Forni and Gambetti (2010) supply shocks explain most of the GDP volatility. Thus, the betweenness centrality might capture the relative importance of each country in the propagation of supply shocks to other economies.
where t i j,k (g t ) is the number of shortest paths between j and k in g t that pass through country i and t j,k (g t ) is the total number of shortest paths between j and k in g t .
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To assess the evolution of the countries' centrality over the business cycle, we define recessionary phases for each economy as a period where the Markov-switching probability of recession is higher than 0.7. Both time-varying betweenness centrality and recessionary episodes for most of the countries are plotted in Fig. 9 showing a close relation between them. For the rest of countries, the centrality was equal to zero for the entire sample period, and therefore not reported. In general, a country's centrality tends to increase during periods of national recessions, returning to lower levels during economic expansions. This is also the case for the Great Recession (2007) (2008) (2009) where most of the countries became more central. This finding suggests that when countries become more globally synchronized, they are more prone to contractionary phases than to expansionary phases, which is consistent with the view that economies tend to become more synchronized during recessions than during expansions. However, notice that the degree of centrality also varies across nations. In particular, notice that some countries have become more central since the early 2000s, as is the case of Brazil, Chile, South Africa, Singapore, Hong Kong, Belgium, Netherlands and Australia, indicating an increasing importance in the propagation of global business cycle shocks associated to these economies.
We also compute the average centrality across countries, which can be interpreted as a global measure of the transmission of business cycle shocks. We define the global centrality as,
where B i,t is the time-varying betweenness centrality and n is the number of countries. The global centrality is plotted in Fig. 10 and provides similar information to the country-specific cases. Accordingly, it tends to increase during periods of global recessions, as defined by the probabilities of the unified Markov-switching model, reaching its maximum level during the Great Recession. Moreover, the level of global centrality experiences a significant increase around the early 2000s, implying a higher international business cycles connectedness, which increases the likelihood that countryspecific shocks are transmitted to the rest of the economies in the world. This result is consistent with the findings in the previous sections related to the increase in global business cycle interdependence.
What does explain changes in synchronization?
In Section 2.1, we document the existence of a gradual increase in global business cycle synchronization since the beginning of the 21st century. The clustering analysis presented in Section 2.2.1 also suggests that the increase in global business cycle synchronization is mainly driven by emerging economies. In this section, we identify the underlying factors explaining changes in pairwise business cycle interdependence by using a BMA approach to account for model uncertainty. Since there are different theories suggesting different potential determinants of business cycle synchronization, we are not certain about the true model specification governing business cycle co-movements. The BMA approach allows us to deal with that uncertainty. To the best of our knowledge, this is the first study to address model uncertainty in the identification of the main drivers of business cycle interdependence over time.
Data
Previous studies in the literature have obtained different results depending on the data, methodology, and variables considered. However, at least three factors are considered in most empirical studies on business cycle co-movement: international trade, specialization, and financial factors. In addition to these standard potential determinants, we follow Baxter and Kouparitsas (2005) and include factor endowments into our analysis. We also propose as a new potential determinant common fiscal policy. We focus on explaining changes in business cycle interdependence based on within-variation across time; thus, we consider only time-varying factors. The data are collected for the 1981-2010 period at an annual frequency. 14 We describe in details the measurement of the potential determinants as follows:
• International trade. In theory, trade positively affects business cycle synchronization, as shocks are transmitted between countries through their trade flows. This positive relationship between trade and business cycle co-movement is predicted by a number of theoretical models, such as those of Canova and Dellas (1993) and Yi (2001, 2006) . 15 This trade channel is captured in our analysis by including the bilateral trade measure used in Frankel and Rose (1998) ,
where E a,b,t denotes total exports from country a to country b in year t, I a,b,t denotes imports to country a from country b in year t, and GDP a,t is the nominal GDP in country a in year t. Bilateral trade data are taken from the IMF's Direction of Trade Statistics.
16
• Specialization. Similarity in industrial composition proxies for the specialization patterns in both countries. We expect two economies with a similar sectoral composition to have high business cycle interdependence since sector-specific shocks could be rapidly transmitted from one economy to the other (Imbs, 2004) . To capture differences in the sectoral composition between two countries, we use agriculture, industry, and services real value added, and following the computation in Imbs (2004) :
where S k a,t is the GDP share of sector k in country a during period t. This index takes a value from 0 (completely similar structures) to 2 (completely different structures).
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• Financial factors: financial openness, private credit issued by deposit money banks and other financial institutions to GDP, financial system deposits to GDP, and liquid liabilities to GDP. These variables proxy for financial integration. In theory, the effect of financial integration on business cycle synchronization is ambiguous and depends on the transmission mechanism of the shocks. In periods of high financial integration, negative shocks to firm productivity in a particular country will induce banks to decrease lending in these countries but increase lending in unaffected countries (Morgan et al., 2004) , which may have a negative effect on the business cycle synchronization of these economies. On the other hand, a negative shock to the banking sector may be transferred to the other countries, since banks will reduce lending globally to shrink their balance sheets because of their lower net worth, thereby increasing business cycle comovement (Morgan et al., 2004) , (Kalemli-Ozcan et al., 2013b) .
As a measure of financial openness, we use
where A a,t is total assets to GDP and L a,t is liquid liabilities to GDP in country a. For private credit to GDP, financial system deposits to GDP and liquid liabilities to GDP, we transform the variables to capture dissimilarities between two countries, a and b, since we aim to explain de-synchronization among countries, c a,b t , as defined in Eq. (12). In particular, we compute the absolute value of the difference in financial factor x between country a and country b.
where x a,t is a financial variable in country a at period t and x b,t is the same financial variable in country b at the same time period, t.
• Factor endowments. We consider two main factors of production: labor, proxied by human capital and the proportion of a country's population living in urban areas, and capital, proxied by the per capita capital stock. As Baxter and Kouparitsas (2005) pointed out, economic theories, including the standard Heckscher-Ohlin theory and Ricardian theories, predict a relationship between factor endowments, trade and business-cycle co-movements. Human capital proxies for skilled and unskilled labor. Dellas and Sakellaris (2003) find that schooling is countercyclical owing to higher opportunity cost during expansions. These higher costs lead to substitution between human capital investment and competing economic activities. Thus, we expect similarities in human capital indexes between two countries to be associated with higher business cycle comovement. 18 The proportion of a country's population living in urban areas also captures different labor skills. 19 We use the absolute value of the difference in endowment factors, z, to capture dissimilarities in factors of production between country a and country b at period t,
where z a,t is a factor endowment in country a at t and z b,t is the same factor endowment in country b at the same period t.
• Common fiscal policy. The Eurozone sovereign debt crisis that started in Greece at the end of 2009 and subsequently spread to Ireland, Portugal and Spain suggests that two economies with high level of debts and fiscal deficit are more likely to be in recession than two economies that diverge in their level of debt or deficit. Thus, we consider as an additional potential determinant of business cycle synchronization dissimilarities in fiscal policy. We measure this dissimilarity using the absolute value of the difference in government expenditure (share of GDP) between two countries.
In the next section, we briefly present the BMA approach used to infer the most robust factors correlated with business cycle interdependence.
Methodology
To address model uncertainty and unobserved time-invariant pairwise factors, we use a BMA panel data approach. The pairwise de-synchronization model is defined as
where c ab,t is the distance or de-synchronization between the business cycle of countries a and b, and x k ab,t includes a set of potential determinants, as described in Section 3.1. The pairwise country fixed effects, g ab , capture time-invariant unobservable factors in both countries.
We examine the stationary properties of our determinants by using the Harris and Tzavalis (1999) unit-root test to avoid spurious inference. 20 Table 2 shows that our main variable of interest, business cycle de-synchronization, follows a unit root process, for some panels, at the 1% significance level. Other variables, such as financial Column 1 presents the posterior inclusion probability. Column 2 shows the weighted average posterior mean. Column 3 reports the weighted average posterior standard deviation. Column 4 shows changes in the sign of the determinant across specifications; it is equal to 1 if the sign of the determinant is positive in all specifications and 0 if it is negative in all specifications, and values between 0 and 1 indicate that the sign of the determinant changes across the candidate models. Column 5 presents the ratio of the weighted posterior mean to the weighted posterior standard deviation. The results are obtained by using 30 developed and developing countries. The dependent variable is distance or de-synchronization of the business cycles of two countries. Most of the regressors capture differences between the countries, except bilateral trade and financial openness. The results are obtained by using a beta-binomial prior for the prior model probability and a hyper-g-prior on g, the hyperparameter that measures the degree of prior uncertainty on coefficients.
openness, bilateral trade, differences in human capital, capital stock per capita, financial deposit to GDP, private credit to GDP, and urban population, also present a unit root. Therefore, we use the firstdifference transformation to eliminate the pairwise country fixed effects. Unobserved common factors are captured in l t and are eliminated by cross-sectionally demeaning the data. The key question is as follows: Which variables x k ab,t should be incorporated into the model? BMA addresses model uncertainty by estimating models for all possible combinations of the regressors and by taking a weighted average over all the candidate models, where the weights are determined by Bayes' rule. The probability that model j, M j , is the "true" model given the data, y, i.e., the posterior model distribution given a prior model probability, is defined as
where P(y|M j ) is the marginal likelihood of model j, P (M i ) is the prior model probability, and
is the integrated likelihood of model j. We consider an estimation framework with a Bayesian linear regression and a Zellner's g-prior structure for the regression coefficients. In particular, we assume a hyper-g-prior on g, the hyperparameter that measures the degree of prior uncertainty on coefficients. 21 The advantage of using a mixture of g-priors, such as the hyper-g prior, is that the hyperparameter g is not fixed across all the candidate models, but it is adjusted by using Bayesian updating. Recently, Ley and Steel (2012) have shown that hyper-g-prior outperforms fixed g-priors. We also need to specify a prior on the model space, P(M). Following Ley and Steel (2009) , we used the beta-binomial prior for the prior model probability, as it reduces the effect of imposing a particular prior model size on the posterior probabilities. This prior only requires the selection of the prior expected model size. 22 We are interested in the posterior inclusion probability (PIP) of a variable h, which is defined as
where h h contains the coefficients of the regressor set that defines model h according to Eq. (27). The PIP is interpreted as the probability that a particular variable h belongs to the true pairwise business cycle de-synchronization model.
Results
Because of data limitations regarding the factors described in Section 3.1, we restrict our analysis to a smaller set of countries. Table 3 reports the main determinants of changes in business cycle de-synchronization obtained by using the BMA panel approach over the 1984-2010 period for 30 developed and developing countries. 23 Column 1 presents the posterior inclusion probability of each potential time-varying determinant of business cycle de-synchronization. We find that the most robust determinants are differences in government expenditure shares, differences in human capital, financial openness, differences in liquid liabilities shares and bilateral trade.
Although we cannot claim any causal relationship between these determinants and business cycle de-synchronization, because of simultaneity bias and reverse causality, we find that all these determinants affect business cycle de-synchronization with the expected sign (see the posterior mean in column 2 of Table 3 ). Financial integration is positively related to business cycle de-synchronization. This result is consistent with the recent empirical findings by Kalemli-Ozcan et al. (2013a) showing that cross-border banking integration between two countries is negatively related to co-movement of output. Negative shocks to the real sector of one economy decrease bank lending in the affected countries and increase lending in the unaffected economies, increasing the divergence in business cycles 23 Some of the determinants were not available over the whole sample period for some countries. To avoid losing other determinants, we excluded the countries for which the determinant was missing for a particular period from the sample. These countries are Hong Kong, Taiwan, Luxembourg, Germany, Greece, Belgium, Iraq, Romania, Venezuela, Chile, Bulgaria, China, and the United Kingdom. We lost years 1981, 1982, and 1983 because of the first differences transformation to get rid of the pairwise fixed effects and the inclusion of two lags of the dependent variable in the dynamic panel model.
Table 4
Determinants of business cycle de-synchronization: a BMA approach. Hyper-g-prior. Dynamic panel. Period: 1984 Column 1 presents the posterior inclusion probability. Column 2 shows the weighted average posterior mean. Column 3 reports the weighted average posterior standard deviation. Column 4 shows changes in the sign of the determinant across specifications; it is equal to 1 if the sign of the determinant is positive in all specifications and 0 if it is negative in all specifications, and values between 0 and 1 indicate that the sign of the determinant changes across the candidate models. Column 5 presents the ratio of the weighted posterior mean to the weighted posterior standard deviation. The results are obtained by using 30 developed and developing countries. The dependent variable is distance or de-synchronization of the business cycles of two countries. Most of the regressors capture differences between the countries, except bilateral trade and financial openness. The results are obtained by using a beta-binomial prior for the prior model probability and a hyper-g-prior on g, the hyperparameter that measures the degree of prior uncertainty on coefficients.
between affected and unaffected countries. This result suggests that during our period of analysis, negative shocks to firm productivity dominate shocks to the banking sector, which is plausible since a major banking crisis only occurred during the last few years of our sample, from 2007 to 2009. Human capital index is a factor endowment considered by Baxter and Kouparitsas (2005) , who found that schooling is not a robust factor of business cycle co-movement. In contrast to their study, we find that countries with different levels of schooling are more likely to be in different business cycle phases. Our human capital indexes mainly measure the number of enrollments in high school and tertiary education. In periods of expansion, individuals tend to substitute human capital investment with other economic activities because of the higher opportunity costs of schooling. Therefore, countries with different levels of schooling are more likely to be in different business cycle phases. Human capital can also capture different levels of economic development. The high posterior inclusion probability of bilateral trade is consistent with previous studies in the literature showing how productivity, fiscal, and other real shocks are transmitted through trade; increasing the synchronization of economies across borders (Baxter and Kouparitsas (2005) , Frankel and Rose (1998), Imbs (2004) , among many others). Finally, our study is the first to document the importance of common fiscal policy (government expenditure share of GDP) as a robust determinant of changes in business cycle synchronization. If countries experience similar increases in government purchases or decrease in taxes, they tend to be associated with similar business cycle fluctuations. Table 4 presents the results of the BMA in a dynamic panel setting that includes two lags of the de-synchronization index as regressors. The number of lags was selected according to the posterior inclusion probability criteria. 24 The results show that the main determinants of business cycle interdependence are robust to the inclusion of a lagged dependent variable. The exceptions are liquid liabilities and bilateral trade, both have a lower posterior inclusion probability, 0.70 and 0.43, respectively.
As we show in Fig. 6 , global business cycle interdependence has experienced a significant but gradual increase since the beginning of recent globalization era, early 2000s. To assess if the main determinants of business cycle interdependence have changed over time we split the sample into three periods, based on the occurrences of the global recessions as dated by the IMF. In particular, the three periods are: 1984-1993, 1994-2003 and 2004-2010. 25 In column 1 of Table 5 , we report the posterior inclusion probability obtained using the BMA panel analysis for the period 1984-1993. We find that the most robust determinants of business cycle synchronization during this period are liquid liabilities, bilateral trade, and differences in human capital indexes between the two countries. These results are very similar to those obtained by using the full sample period, 1984-2010. In the period 1994-2003 (see column 2, Table 5), we find that besides bilateral trade, differences in sectoral composition, differences in capital stock per capita, differences in government expenditure shares and financial openness become important robust correlated factors of business cycle synchronization.
Surprisingly, we find that during the recent globalization era (see column 3 of table 5), the only robust determinant is similarity in sectoral composition. Acemoglu et al. (2012) study the importance of sectoral composition in the formation of business cycles and show that in the presence of intersectoral input-output linkages, microeconomics idiosyncratic shocks may lead to aggregate fluctuations. In addition, Camacho and Leiva-Leon (2014) find evidence of a cascade effect in the transmission of sectoral business cycle shocks. At the aggregate level, if similarity in the sectoral composition of countries in the major world economies increases, business cycle shocks can be more rapidly transmitted from one country to another, increasing global business cycle interdependence. Overall, these results suggest that the gradual increase in global economic cycle interdependence since the early 2000s is highly associated with larger similarity in the sectoral composition of the main world economies.
Robustness
In this subsection, we check the robustness of the results obtained with the BMA to the assumptions made in the identification of the main drivers of business cycle interdependence. First, we present results for an analysis using different priors for the model probability and for the hyperparameter g; for the latter purpose, we adopt the BRIC prior introduced by Fernandez et al. (2001) , which sets g = max(N, K 2 ). The results, presented in Fig. 1 of Appendix F,
show that although the probabilities of inclusion are less conservative for the binomial model prior and for the beta binomial with the BRIC prior for the hyperparameter g, the main findings are robust to the specification of the model and hyperparameter priors. The most 25 The last four global recession are dated by the IMF as follows: 1980-1983, 1990-1993, 2001-2002, and 2008-2009 . Column 1 presents the posterior inclusion probability using a sample period from 1984 to 1993. Column 2 shows the posterior inclusion probability for the sample 1994-2003. Column 3 reports the posterior inclusion probability for the sample period 2004-2010. The results are obtained by using 30 developed and developing countries. The dependent variable is distance or de-synchronization of the business cycles of two countries. Most of the regressors capture differences between the countries, except bilateral trade and financial openness. The results are obtained by using a beta-binomial prior for the prior model probability and a hyper-g-prior on g, the hyperparameter that measures the degree of prior uncertainty on coefficients.
robust determinants of fluctuations in business cycle synchronization, in the dynamic model, are the same regardless of the model and hyperparameter priors. The only exception is that the posterior inclusion probabilities of financial openness are significantly lower for the binomial probability model prior and for the beta binomial model prior assuming BRIC prior for the hyperparameter g. Second, we also check the robustness of our results to use of the Bayesian model averaging technique adopted in the main analysis. In particular, to identify the main determinants of changes in business cycle interdependence, we consider a Bayesian combination of frequentist estimators, the weighted-average least squares (WALS) method introduced by Magnus et al. (2010) . The WALS estimator relies on an orthogonalization of the regressors such that they are independent from one another. This orthogonal transformation allows us to consider prior distributions that are more consistent with our ignorance regarding the importance of each potential determinant in explaining business cycle interdependence and substantially reduces the computational time of this model-averaging technique. The results presented in Table I and Table II of Appendix F show that the main determinants found using the WALS method are the same as the determinants obtained by using the BMA approach. As a rule of thumb, a determinant is considered robust using the WALS estimator if the t-statistics is above 2 in absolute value. Therefore, our results are robust to the use of different model and hyperparameter g priors and to the model averaging technique.
Sectoral composition and global interdependence
The findings of the BMA reported in Table 5 show that the determinants of business cycle interdependence vary across time. In particular, we find that during the period 2000-2010, the only robust factor explaining variation in business cycle interdependence is common sectoral composition.
To understand which is the sector that contributed the most to explain variation in business cycle synchronization, we divide dissimilarity of sectoral composition into three different subcomponents: difference in agriculture share, difference in industry share, and difference in service share. Furthermore, we separate pairs of countries that experienced an increasing synchronization from pairs of countries that presented a relatively time invariant business cycle synchronization over the full sample period. In order to group pairs of countries based on common temporal patterns in business cycle synchronization we use the K-Spectral Centroid (K-SC) clustering algorithm (Yang and Leskovec, 2011) , which is designed to cluster time series by their shape. The top panels of Fig. 11 present the pairwise business cycle synchronizations, d a,b t , for the two different groups identified with the K-SC algorithm, i.e. the "Increasing Sync" group and "Stable Sync" group. 26 One third of all the pairs of countries was allocated to the Increasing Sync group, while the rest of pairs were assigned to the Stable Sync group. The increase in business cycle synchronization since 2000 in the Increasing Sync group confirms the gradual increase in global business interdependence found in Section 2.1 (see Fig. 11a ). The bottom panels of Fig. 11 show the differences in the disaggregated sectoral composition, i.e. agricultural, industrial, and services, only for the pairs of countries in the Increasing Sync group. The results show that differences in agricultural composition (see Fig. 11c ) decreased significantly since the late 90s. This decrease has been accompanied by an increased in global business cycle synchronization. On the other hand, the differences in the industrial composition have slightly increased from 1995 to 2003 while the differences in services composition remained relatively stable over the sample period, 1981-2010. 27 Overall, the empirical analysis shows: i) the existence of a gradual increase in global business cycle synchronization lead by a third of all the pairs of countries considered in our sample; ii) the increase of the global business cycle synchronization is mainly associated to emerging market economies, since they became more synchronized with the rest of the world; and iii) the main robust factor explaining variation in business cycle synchronization during 2004-2010, the period of highest increase in business cycle synchronization, is sectoral composition differences between countries.
Conclusion
The first part of this paper provides a comprehensive examination of the evolution of business cycle co-movement across 43 developed and developing countries over the period from 1981 to 2013. We apply a novel Markov-switching model to infer the probability that two countries are in the same business cycle phase. This approach accounts for the non-linearity inherent to the dynamics of business cycles. The results show that most of the economies have become more synchronized since the recent globalization era (i.e., from 2000 onward), suggesting that systemic risk has increased during the last decade. This result is also validated under an integrated perspective with a proposed nonlinear dynamic factor model. (d) and (e) show the differences in agriculture, industry and services, respectively, as shares of GDP for increasing sync. countries.
Next, we consider a clustering analysis to evaluate whether there are groups of countries with similar patterns in business cycle comovement. The clustering analysis reveals at least four groups of countries that are relatively stable over time: the Euro area cluster, the Anglo-Saxon cluster, the Asian Tigers cluster, and the emerging markets cluster. Moreover, the increase in synchronization after 2000 seems to be mainly attributed to the increased synchronization of the emerging markets cluster with the rest of the major world economies. We also consider network measures to quantify the degree of synchronization of one economy with the other economies in the world. The network analysis shows that the degree of connectedness of a country with the other countries in the world tends to increase in periods prior to recessions. These findings have important implications for policy makers, who could use the proposed framework to evaluate the degree of exposure that a given country has to external shocks.
The second part of the paper focuses on identifying the most important factors explaining variation in business cycle comovement. As there is no agreement in the business cycle literature about the potential determinants of business cycle synchronization, we rely on a Bayesian model averaging approach to account for model uncertainty. The results suggest that the most robust determinants are financial openness, government expenditure, and human capital. Other important factors that explain changes in business cycle co-movement are bilateral trade and liquid liabilities. However, the importance of these determinants, measured by their inclusion probability, varies across time. In particular, we find that the only robust determinant after the increase in global business cycle interdependence (2004) (2005) (2006) (2007) (2008) (2009) (2010) is similarity in countries' industrial composition.
